Abstract-This work presents a method for automatical and objective classification of patients with healthy and pathological vocal fold vibration impairments using High-Speed Videoendoscopy of the larynx. We used an image segmentation and extraction of a novel set of numerical parameters describing the spatio-temporal dynamics of vocal folds to classification according to the normal and pathological cases and achieved 73,3% cross-validation classification accuracy. This approach is promising to develop an automatic diagnosis tool of voice disorders.
I. INTRODUCTION
In the last few years, the analysis of high frequency endoscopic video sequences called High-Speed Videoendoscopy (HSV), enabling recording the movement of vocal cords, has became one of the fastest growing diagnosis methods of voice disorders. Examination of vocal cords is an essential part of clinical evaluation of voice. However, in clinical practice an acoustic analysis still remains the most instrumental measure used for assessing glottal aerodynamics and providing valuable information on a speakers vocal function. Acoustic parameters are free from bias and may provide a quantitative measure for perceptual voice characteristics [1, 2] . To gain more accurate information about the glottal source and supra-glottal glottis, it is needed to add visual information of the entire vocal fold. High-Speed Videoendoscopy offer significant advantages over other techniques. Extraction and analysis of the vocal waveform can provide quality information of the vocal fold movement as well as the changes in glottal airflow depending on time.
HSV is particularly useful for visualization and quantitative evaluation of pathology, which affects the dynamics of the vocal folds [3] . A common quality criterion for the discrimination between healthy and pathological vocal fold vibration patterns is the symmetry and oscillating constancy of the vocal folds [4, 12] . Endoscope records the vibrations of the vocal cords performed during the phonation. Fundamental frequency for adult ranges from 80-300 Hz. Due to this fact the temporal resolution of visual system should be able to capture in detailed oscillating vocal folds. HSV enables recording every cycle of the oscillation irrespective of perturbation, enables recording of highly disturbed and aperiodic signals, registers the intra-cycle vibratory behavior through a full image of the vocal folds [5, Image segmentation is an essential tool for further HSVbased vocal fold analysis. Many authors present segmentation algorithms based on region growing or thresholding [7, 8, 22] . In literature there are different approaches focused on edge detection methods of the vocal folds and active contour models for the segmentation process [9, 10, 22] .
Many promising approaches have been revealed to access the subjective and objective analysis methods to appraise HSV recordings [11] [12] [13] [14] . The most frequent parameters are occurrence of mucosal wave, glottal closure, vibratory amplitude [15, 16] . Additionally, instabilities of the fundamental frequencies, amplitude, symmetry and regularity parameters can be calculated giving quantitative and qualitative information about irregular fold vibrations [17] [18] [19] [20] 28] . The work of [21] evaluate parameters quantifying the spatio-temporal correlation along the anterior-posterior dimension of the varying number of pixels between left and right vocal fold contours. No conclusion can be deduced about the lateral symmetry and synchronicity due to the fact that no distinction is made between left and right vocal fold vibrations. There is still no common standard to automatically analyze the entire oscillation pattern of both vocal folds.
In this work, we present a novel method to segment the glottal area and vocal fold edges ( fig. 1 ) being a modification of our previous approach [22] . Based on the segmentation results we describe the spatio-temporal dynamics of vocal folds and shape by means of 8 parameters. In the paper the HSV recordings of 30 healthy and pathological subjects have been analyzed and their classification to normal and pathological cases have been done. Obtained features describing the behavior of vocal folds during the phonation were classified using K-means algorithm.
II. DATA
The vocal fold recordings of more than 30 patients have been captured with HSV recording equipment. The diagnoses were made by physicians, what stands for a gold standard for evaluation of automatic classification results. This way a population of 15 patients with diagnosed different voice impairments was found. Moreover, as a reference we used a population of normal, healthy voices, 15 healthy candidates were recorded. During the examination the patients were asked to keep the phonation of the sustained vowel /i/. This is due to the fact that the subject cannot close the vocal tract with an inserted endoscope. The temporal resolution of visual system captures 2000 frames per second. 
III. METHODS

A. Image segmentation
In order to extract and evaluate the change of vocal folds parameters over time, the glottal area was first segmented in the recorded HSV recordings. Applied segmentation methodology was based on our previous work [22] in which the level set method described by Osher and Sethian [23] had been used. Level sets is useful for capturing changing topologies, because merging and breaking are made automatically in it. This is very important feature in HSV segmentation context ( fig. 1 , second image from left) because it frequently happens that vocal folds are temporarily, partially glued during vibration.
The contour is defined as zero level set of time dependent function φ(t, x, y). Its evolution equation is described by [22] . (1) where function F means a speed function and is related to the function φ and image data. In this work, in contrary to [22] , we use variational formulation of the function F [24] . The final evolution equation is based on [23] : (2) where g signify an edge indicator function, δ(φ) means a regularized Dirac function and ν, λ, ω are constant values. More details can be found in [22] . Segmentation effectiveness in qualitative and quantitative form are presented in fig. 1 and in section IV, respectively.
To evaluate the performance of the automatic segmentation we used the Dice similarity coefficient (DSC), which is commonly used in evaluating segmentation performance and its values is extends 0, which means no overlap and 1, meaning ideal overlap. DSC is one of measures describing spatial overlap between binary images. DSC was obtained using [25] : (3) where A is a binary image from automatic segmentation, B is a binary image from manual segmentation. Manual segmentation was done by 3 different specialists. We have randomly chosen 63 frames from 30 different recordings and calculated DSC. The final Dice similarity coefficient is the mean of 3 comparisons.
B. Feature extraction
The first step towards feature extraction based on HSV recordings consisted in automatic detection of the oscillation cycles. Due to the fact, that the first and the last vocal fold oscillation cycle could be incomplete in the HSV recording, we removed two outermost cycles. We computed following parameters from the glottal signal: fundamental frequency, Jitter and Shimmer coefficients, bigger to smaller side of glottal area ratio, curvature and correlation coefficient of The first parameter, the fundamental frequency, was possible to calculate using the glottal area waveform. Fundamental frequency enables to measure the number of glottal oscillation cycles occurring in one second.
Jitter coefficient means a short-term cycle-to-cycle perturbation in the fundamental frequency, whereas Shimmer coefficient means a short-time cycle-to-cycle perturbation in amplitude. In this paper those parameters were used to describe frequency and amplitude variability. The Jitter and Shimmer coefficients were calculated as the percentage of standard deviation value to the mean value of the cycle-to-cycle variation in frequency and amplitude [15] .
To calculate the next parameter, the bigger to smaller side of glottal area ratio, it was necessary to designate the major axis of the glottal area. To determine this we have proposed a method for finding the ellipse, which is surrounding the segmented object, assuming minimization of the area ( fig.  2B ). Using the slope of this line it was possible to divide the contour of the vocal cords into two parts: left and right, respectively Thus, it allowed the measurement of the surface of the glottal area on the right and left side. Since the endoscope may be placed with different distance to the glottis, a ratio of the bigger side of the glottal area to the smaller one was being calculated.
The next parameter was a curvature. The curvature  is the change in tangent direction as it is moved along the curve, and hence is approximated by the ratio between the change in the tangent direction and s [24, 26] : (4) where α is an angle describing how the tangent direction changes from point to point along the sampled curve, what is called turning angle, and s=L/n, where L is the length of analyzed curve sampled at n uniformly-spaced points. We took this parameter into account as it is a quantitative measure describing the degree to which the analyzed object deviates in its properties from a straight line. The curvature was calculated separately on right and left side of GA with the usage of the algorithm described in [26] . To measure the similarity between left and right side of the curvature we have used the correlation coefficient.
To analyze the symmetry of vocal folds we have calculated the displacement vectors related to the left and right fold ( fig. 2C-D) . The vectors on both sides were compared in analogy to the curvature using the correlation coefficient. For healthy patients, the correlation coefficient should be equal to 1, as both vocal folds should move symmetrically.
The 7th calculated parameter was a Bhattacharyya distance, which enables to measure the similarity between two histograms containing information about the area on right and left side of GA. The Bhattacharyya distance is calculated as follows: where µ i and ∑ i are the mean vector and covariance matrix of class i.
The last calculated parameter aimed at indicating the difference between measured signal and the regular, cyclic one. Firstly, we have measured the duration and amplitude of each cycle of the proper move of vocal folds. It represented correct, regular cycle of movement of the vocal folds during a phonation. In the next step, we compared this signal with the one, which was obtained during the patient examination. Integrating the difference between two signals we received the last required measure.
To organize feature characteristics according to their discriminative ability and, as a consequence, to obtain stable and consistent results we have used Principal Component Analysis (PCA). PCA also enabled reduction of the number of parameters up to 5, leaving 99% variance in the data. The PCA was used as a pre-treatment step prior to further data analysis, simplifying subsequent calculations. 
IV. RESULTS
The Dice similarity coefficient representing spatial overlap between automatic and manual segmentation was equal 0,84±0.02.
In order to classify the data into two groups, healthy or pathological voice, we used K-means algorithm, which ensures that the total distance is minimized between the group's members and its corresponding centroid. To validate created feature vector we calculated 10-fold cross validation. To estimate the quality assessment the parameters such as: accuracy, precision for healthy and pathological cases and specificity for healthy and pathological cases were calculated [27] . The observation of the vocal folds movement during the phonation is an essential part of clinical examination. In this paper a novel approach of a quantitative analysis of vocal folds during the phonation is presented. The purpose of this study was to design an automatic segmentation of the vocal folds and provide measurements and automatic classification between healthy patients and those with voice impairments. We achieved 73,3% accuracy for all analyzed material. This result is very encouraging and it is expected that the presented tools will be useful to preventative health care in laryngology. 
